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ABSTRACT
Crown rust, caused by Puccinia cornonata f. sp. avenae, is a common disease of oats (Avena
sativa) found virtually everywhere oats are cultivated. This disease has caused yield losses of
10 to 40% worldwide. Early detection is important for effective management. A more recently
utilized technology in agriculture is unmanned aerial vehicles (UAVs). UAVs, or drones,
equipped with cameras are now being used as a resource to take images of fields to identify
pests and other issues that may be occurring. Normalized differentiated vegetative index (NDVI)
is a numerical indicator used to determine the vegetative health of a field. Tests were
conducted at Central Research Station and Dean Lee Research and Extension Center to
compare visual crown rust severity ratings to NDVI values. Treatments were arranged in a
randomized complete block design (4 replicates). The susceptible cultivar, Brooks, was sprayed
with Prosaro fungicide applied at either 146.2mL/ha, 292.3mL/ha, 584.6 mL/ha, 584.6mL/ha
applied twice, or a non-sprayed control. Fungicide applications were used to regulate crown
rust epidemics. One of the objectives was to determine yield loss associated with different
fungicide regimes. The second objective was to determine if NDVI collected by UAV can be
correlated with disease severity ratings. There was a significant correlation between disease
severity and fungicide rate, with plots sprayed twice with 584.8 mL/ha resulting in less disease
than all other plots. There was also a significant negative correlation between NDVI and disease
severity at DLREC, but it is not consistent with the other location that the crop showed
symptoms later in the growth stage and we were not able to fly to collect data.
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INTRODUCTION
Brief History, Nutritional Value and Economic Significance of Crown Rust of Oats.
Among cereals, oat (Avena sativa) is the sixth largest acreage crop worldwide with
Russia, Canada, the European Union, Australia and the Unites States as its leading producers
[Food and Agriculture Organization (FAO), 2014]. Primarily, oat is used as livestock feed;
however, oat is ranked fourth based on human consumption behind wheat, rice, and corn (van
den Broeket et al., 2016). Wholegrain oats are known for beneficial health effects of lowering
cholesterol, high nutritional content, and preservative-free properties (Burnette et al., 1992).
Crown rust, caused by the fungal pathogen, Puccinia coronata f. sp. avenae, is a major
disease of oats that can decrease the economic value of the crop (Doehlert et al., 2001; Holland
and Munkvold, 2001). Economic value is lost as the pathogen decreases kernel weight, grain
yield, and groat percentage (Humphreys and Mather, 1996). Groat percentage (GP) is the ratio
of dehulled oat seed to hulled oat seed. GP is considered a good marker of milling yield in oats,
but so far a quick and reliable method to define it has been lacking. The hulls contribute 20 30% of total kernel weight (Doehlert et al., 1999). Crown rust also causes lodging and reduces
straw production (Endo and Boewe, 1958).
Crown rust was first identified as a damaging disease of oat in Europe in 1880 (Nazareno
et al., 2017) and afterwards found in the U.S. in 1890 (Thaxter, 1890). Sporadic epidemics were
reported across the world during the 1900s including South America (Gassner, 1916), Portugal
(D’Oliviera, 1942), Australia (Waterhouse, 1952), Israel (Wahl and Schreiter, 1953), U.S. (Sherf,
1954), and southeastern Europe (Kostic, 1959). Epidemics have occurred almost annually in
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Uruguay and Brazil since the 1990s (Leonard and Martinelli, 2005; Wahl and Schreiter, 1953).
After the turn of the century, crown rust has posed a major threat to oat production in Canada
(Chong et al., 2008) and Tunisia (Hammami et al., 2010).
From 1981 to 2013, epidemics caused by crown rust have remained relatively in check in
the U.S., with the exception of 1991 and 1993 when North Dakota producers experienced
losses up to 15%, and in 1997 when producers in Louisiana and Minnesota reported up to 20%
in losses [U.S. Department of Agriculture (USDA), Agricultural Research Service (ARS), Cereal
Disease Laboratory (CDL)]. The largest epidemic caused by crown rust in the U.S. occurred in
2014 resulting in a loss of 13 million bushels; roughly 18.7% of the U.S. oat production. During
this period, the two largest oat producing states, South Dakota and Minnesota, reported yield
losses of 35% and 50%, respectively (Nazareno et al., 2017; USDA-ARS CDL, 2014).
Crown Rust in Oats
Puccinia coronata f. sp. avenae is characterized as a heteroecious and macrocyclic
basidiomycete (Figure 1). The resting spores of crown rust, teliospores, are asexual and
produced in telia. Teliospores can survive the hot dry summer on plant debris or straw. When
conditions are favorable for the pathogen (15 – 25° C and high relative humidity (RH)),
teliospores are disseminated and, by way of meiosis, the basidia are formed releasing
basidiospores into the air. Once released, basidiospores will not survive long; therefore, they
must come in contact with an alternate host to continue the disease cycle. Once basidiospores
encounter an alternate host, spermagonia (or pycnia) are produced by the process of
plasmogamy, and spermatia (or pycniospores) infect the alternate host. The most common
alternate host for P. coronata f. sp. avenae is buckthorns (Rhamnus spp). Following the
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infection of the alternate host, spermatia undergo the process of plasmogamy to form the
sexually reproducing fruiting bodies called aecia. Aecia produce aeciospores which are released
and disseminated, sometimes over a long period or distance, to inoculate the primary host (A.
sativa). Once the aeciospores inoculate the host plant, they germinate in free water on leaf
surfaces to produce uredinia, which in turn produce urediniospores. This asexual stage involves
recurring cycles of infection and sporulation facilitated by urediniospores that can repeat as
quickly as every two weeks. The urediniospores germinate on the top and bottom of leaf
surfaces during favorable conditions (15 – 25° C and high relative humidity), form appressoria
and a penetration peg, which allows the fungus to penetrate the stoma and enter the
mesophyll space of the leaf. Once this occurs, infection hyphae originate in a vesicle that is
formed in the stomatal cavity, and hyphal tips elongate to construct specialized mother cells
that develop into critical nutrient uptake structures called haustoria. Intercellular branching
continues throughout the plant until a fungal colony is formed. Seven to 10 days after a fungal
colony is formed, uredinia are produced (Image 1), which give rise to a new set of
urediniospores (Nazareno et al., 2017; Harder and Haber, 1992; Jackson et al., 2008; Simons,
1970; Staples and Macko, 1984).
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Figure 1. The lifecycle of Puccinia coronata f. sp. avenae (Nazareno et al., 2017).
Signs and Symptoms of Oat Crown Rust
Initial symptoms of crown rust usually occur in the lower canopy as orange to yellow pustules
(uredia) on the leaves when temperatures are moderate and moisture levels are high. As
severity increases, symptoms are expressed further up the plant and pustules may occur on leaf
sheaths, stems, and panicles. Once the uredia are formed on the epidermis, urediniospores are
produced and released. Uredia and urediniospores appear as a light orange-colored dusty mass
on the plant tissue. When severity is high, lodging of the oat plants and premature senescence
can occur. When oats mature, crown rust can appear to be black in color due to the presence of
teliospores (Nazareno et al., 2017; Jackson et al., 2008).
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Image 1. Crown rust uredinia produced on an oat leaf surface.
Geographic distribution and host range
Puccinia coronata f. sp. avenae has been found nearly everywhere that wild or
cultivated oats are grown, except for extremely arid climates. Crown rust causes the most
damage in areas of high moisture, frequent rainfall events, heavy dews, and warmer
temperatures during the oat growing season (USDA-ARS CDL, 2017). In warm-temperate
regions, oats are grown during the winter. For these regions, initial inoculum is usually derived
from overwintering uredia that survived the hot summer in moist protected habitats. In
temperate regions, where oats are planted in the spring, initial inoculum is usually from the
alternate hosts (i.e. Rhamnus spp.). Winter oats are not as resilient in the northern U.S.;
therefore, crown rust does not survive beyond the uredinia stage through the winter in colder
regions. As epidemics of crown rust develop in the southern U.S. during spring months,
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urediniospores may be disseminated to northern states by wind and infect spring sewn oats.
These spores are windblown year round from Central America to Canada through the central
region of the United States. This area is known as the Puccinia pathway (Nazareno et al., 2017).
There are many strains of crown rust that infect a wide variety of grasses. Although P.
coronata infects many hosts, specific strains are limited to specific hosts. For example, P.
coronata f. sp. avenae will infect cultivated oats (A. sativa), wild oats (Avena spp.), and other
related wild grasses, but this pathogen will not infect barley (Hordeum vulgare) or rye (Secale
cereale). Similarly, the strain that infects barley and rye will not infect oats. Other grasses that
are infected by P. coronata f. sp. avenae include ryegrass (Lolium spp.) and fescue (Festuca
spp.). The most recent form of crown rust was found on brome grass (Bromusinermis spp.),
which is a very important agronomical pasture grass grown mainly in North and South Dakota,
Minnesota, and Wisconsin (USDA-ARS, CDL, 2017). Genetics within oat varieties can also affect
the pathogenicity of P. coronata f. sp. avenae. In oats specifically, there have been varieties
known to express more resistance to the pathogen than others (Nazareno et al., 2017). The
immunity to this pathogen is primarily dependent on the ability of the host to detect the
presence of conserved pathogen components, such as chitin, known as pathogen-associated
molecular patterns (PAMPs). P. coronata f. sp. avenae has adapted over time to suppress or
prevent the recognition of its presence by the host. Effector-triggered immunity then must be
performed by the host as a secondary defense system to recognize these suppressive effectors.
Nazareno et al. (2017) found that the relationship between the dominant resistance (r) genes
and the pathogens avirulence (avr) genes plays a major role in pathogenicity of crown rust in
oats (Nazareno et al., 2017).
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Precision Agriculture
While food security remains to be a global issue, the agriculture industry is forced to evolve to
meet growing demand while increasing economic efficiency. To achieve this, growers must
adopt new methods of production. One concept gaining popularity among producers is
precision agriculture. “Precision Agriculture is a management strategy that gathers, processes
and analyzes temporal, spatial and individual data and combines it with other information to
support management decisions according to estimated variability for improved resource use
efficiency, productivity, quality, profitability and sustainability of agricultural production.” (ISPA,
2021). Due to this adoption of technology by the agricultural sector, producers are able to
“reduce input costs through more efficient applications of fertilizers and pesticides; improve
production decisions through enhanced recordkeeping and more accurate yield predictions;
and enhance land stewardship and sustainable practices by removing inefficiencies in planting,
harvesting, water use, and the allocation of other resources. With an increasing volume of
quality data, in tandem with improved data analysis, data-collection technology has the
potential to dramatically increase farm productivity and profitability (Moran, 2017).”
Precision agriculture equipment and technologies currently being used in commercial
agriculture include Global Positioning Systems (GPS)-based mapping systems, yield monitoring
systems, guidance and auto-steer systems, soil mapping using sensors, drones and airborne
based remote sensing. All these tools are being used for the final objective that is to variable
rate inputs in agriculture. According to a USDA-ARS report in 2016, 50% of corn and soybean
producers in the U.S. are using GPS-based mapping and yield monitoring systems, 33% are

7

using guidance and auto-steer systems, and 16-26% are using soil mapping and variable rate
technology.
UAVs and Multispectral Cameras
Unmanned aerial vehicles (UAVs), also known as drones or Unmanned Aerial Systems
(UAS), have recently been introduced as an applied technology in precision agriculture. UAVs
are vehicles paired with remote sensors or other application mechanisms to be implemented in
agriculture production. Remote sensing and digital image analysis are methods of obtaining
data and understanding characteristics of an object or surface without physical contact
between the sensor and the object of interest (Nilsson, 1995). Common sensors used in the
agriculture sector include red, green, blue (RGB) cameras, multispectral cameras, thermal
cameras, and light detection and ranging (LiDAR) systems. RGB cameras collect imagery of the
visible light spectrum, which is visible to humans. A vegetative index can be created using RGB
imagery known as Visible Atmospherically Resistant Index (VARI) to detect crop stress in a field.
The algorithm used to create this index uses color correction to minimize reflectance,
scattering, and other atmospheric effects to estimate vegetative health by exaggerating color to
show how green the plant is compared to others (Stow et al., 2005) Multispectral cameras
capture reflectance of the RGB bands of light as well as the near-infrared (NIR) bands of light,
which are invisible to the human eye. These images are used to create vegetative indices that
can monitor phenology, canopy development, biotic and abiotic stresses, as well as detect
irrigation issues. A popular index that uses NIR and RGB wavelengths is normalized
differentiated vegetative index (NDVI). PA strategies have been developed based on NDVI or
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others vegetation indices for in-season biomass estimation and nitrogen application (Holland &
Schepers, 2010; Raper, Varco, & Hubbard, 2013).
Originally, multispectral images were collected using satellites. This method of
collecting data was highly inefficient due to the spatial, temporal, and/or spectral resolutions
(Jorge et al., 2019). UAVs have shown to be advantageous in collecting multispectral images
over satellites. UAVs are significantly cheaper than satellites, there is less delay in time
between capturing and receiving data, and the image resolution is much better than that of a
satellite (Weier and Herring, 2000). Images captured by UAVs have a spatial resolution of 1-20
cm, compared to 2-15 m of spatial resolution in satellite imagery (Jorge et al., 2019).
Traditionally, the common practice for analyzing damage caused by phytopathogens
was by taking visual ratings of plots based on the amount of damage the disease has caused to
the crop. These visual ratings are taken based on human estimations which can introduce
considerable variability among scouting personnel. These remote sensors and digital image
analysis programs are being used to minimize human error and numerically quantify disease
infestation. The ability to use high resolution, multispectral information for monitoring and
understanding agricultural needs in terms of crop categorization, health status, sunlight
absorption and transpiration rates, represents an important tool to preserve water, pesticides,
and fertilizers, thus reducing costs, as well as increasing yield and overall quality of production
(Puri et al., 2017). The limitations of collecting imagery with UAVs, as they pertain to
agricultural applications, include limited flight time, inability to fly in adverse weather
conditions or in a determined time of the day, and inability to carry heavy equipment. Another
limitation is that passive sensors cannot discern differences in readings, and must be analyzed
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to determine what is causing said differences in the field. Most UAVs used in precision
agriculture have a limited flight time (30 minutes or less), which requires the pilot to change
batteries multiple times when surveying a large field. Weather conditions such as wind and rain
can move drones off the flight path, and extreme conditions can cause the drone to crash,
which will likely damage the equipment. Heavy attachments will decrease flight time and may
also cause UAVs to stray from their flight path and crash.
When collecting imagery using cameras that are mounted on drones, light intensity is an
important consideration. These cameras are passive sensors and require an outside light
source to collect imagery. The amount of light intensity can alter results of reflectance.
Because of this, it is important to take imagery when the sun is at its apex and there is no cloud
coverage.
Normalized Differentiated Vegetative Index
Normalized differentiated vegetative index (NDVI) is a plant health indicator that uses
information from multispectral cameras to quantify vegetation levels in an agricultural field.
Mathematically, it is the combination of reflectance data in red and near infrared (NIR) region
which differentiate healthy vegetation from unhealthy or non-plant material. Healthy
vegetation is abundant in chlorophyll which absorbs light at a higher wavelength of the blue
and red regions of the visible spectrum and reflects at higher wavelengths of green and near
infrared regions (Jena et al., 2019).
𝑁𝐷𝑉𝐼 =

(𝑁𝐼𝑅 − 𝑅𝑒𝑑)
(𝑁𝐼𝑅 + 𝑅𝑒𝑑)

NDVI Values range from -1 to 1. Healthy vegetation reflects near infrared wavelengths
and absorbs red wavelengths, resulting in a value between 0.66 and 1. Moderately healthy
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plants will have an NDVI value between 0.33 and 0.66. Unhealthy or stressed vegetation
reflects more red wavelengths which decreases NDVI value to 0.33 or less. Dead plants or
inanimate objects will have a NDVI value between 0 and -1. If active vegetation is present,
NDVI cannot be less than or equal to 0, because reflection of red spectrum is always lower than
near infrared due to red light absorption by chlorophyll (Jena et al., 2019). A limitation of
NDVI is a phenomenon called saturation, which translates to its non-linear relationship with
some plant characteristics such as Leaf Area Index (LAI) and aboveground biomass (Huete et al.,
2002)
Previous Work using Multispectral Images to assess Plant Health
In 2019, an article published by Dr. Trey Price et al. focused on comparing green color
reflectance with visual ratings of Cercospora leaf blight (CLB) in soybean. When comparing the
green reflectance data with visual CLB ratings, all trials showed a significant correlation
between the two. The results indicate that remote sensors can detect a quantifiable measure
of crop health similar to the visual ratings determined by humans.
Xinbin Xhou et al (2020) discussed the incorporation of UAV-mounted multispectral cameras
in agriculture. This article focused on predicting grain yields based on multiple vegetation
indices, including NDVI. The results from this article display the linear regression models
between actual yields and yields predicted by these different vegetative indices. The r2 values
of these results range from 0.22 to 0.62, meaning that none of these models can precisely
predict grain yield, but some indices are better than others.
Nebiker et al. (2016) compared NDVI values collected by UAV mounted multispectral cameras
and referenced them to hyperspectral field spectrometers. The correlation between NDVI
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values and the referenced field spectrometer was 0.99 meaning that the NDVI values were
almost identical to field ratings on a relative scale and can be used to reliably predict field
ratings.
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OBJECTIVES
1. Evaluate the efficacy of selected rates of Prosaro on crown rust epidemics and the
impact on grain yield.
2. Determine if NDVI ratings and visual severity (disease) ratings are correlated.
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MATERIALS AND METHODS
Trial Design
Four trials were conducted at the Central Research Station (CRS) near Baton Rouge, LA and
the Dean Lee Research and Extension Center (DLREC) near Alexandria, LA. Three trials (CRS1,
CRS2, and CRS3) were planted on 11/18/19 at CRS. Experimental plots (trimmed to a uniform
1.5 m x 3.6 m) were planted with 60 g, equivalent to 113.2 kg/hectare, of oats (cv. BROOKS)
using a Hege 1000 small plot drill with John Deere double disk openers. One trial (DLREC1) was
planted on 11/12/19 at DLREC. Experimental plots (trimmed to a uniform 1.5 m X 5.5 m) were
planted with 75 g, equivalent to 90.9 kg/hectare of oat seed (cv. BROOKS) using a Hege 1000
small plot drill.
There were five treatments with four replicates at CRS and six replicates at DLREC
arranged in a randomized complete block design. Treatments were: 1) non-sprayed control 2)
Prosaro 584.6 mL/ha (8 fl oz/A), 3) Prosaro 292.3 mL/ha (4 fl oz/A), 4) Prosaro 146.2 mL/ha (2 fl
oz/A), and 5) Prosaro 584.6 mL/ha (8 fl oz/A) applied twice. Treatments 2-5 were applied at
flag leaf emergence. An additional application for treatment 5 was applied two weeks after the
first application. The first application at CRS was made 3/11/2020, and the second application
was made 3/23/2020. Treatments were applied at 276.79 L/ha using a CO 2 backpack sprayer.
The CO2 charged handheld boom had four nozzles with 48.3 cm spacing and flat fan nozzle tips
and a kPa of 137.9. The first treatment at DLREC was applied on 2/29/2020, and the second
was applied 3/13/20 using an air backpack sprayer with four nozzles, spaced 48.3 cm apart, at
206.8 kPa. All observations of this experiment were evaluated over one growing season
(2019/2020) at CRS and DLREC.
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Early observations were that oat plants in CRS1 were healthy, oat plants in CRS2 were
stunted early in the growing season from flooding, and CRS3 was added to the research project
later due to the high severity of crown rust early in the season. Crown rust severity was high at
DLREC1 early in the season.
The DLREC plots could not be harvested due to extreme lodging caused by high disease
severity and a tornado that damaged harvesting equipment and flattened plots. The CRS plots
were harvestable, but extreme lodging had occurred in plots where disease severity was high.
Data Collection and Statistical Analysis
Visual disease severity ratings were recorded starting one week after fungicide
application. Ratings were taken on a whole plot basis based on the amount of tissue affected by
crown rust. Disease severity ratings were on a percent scale from 0 - 100 (0=no visible disease,
100=plants dead to disease). Disease severity is, by design, a continuous random variable, yet in
practice, it is likely rounded to whole numbers because it is not possible to distinguish minor
differences in percent diseased leaf area. This, along with the fact that it is subjective, makes
disease severity a discrete variable and reduces the statistical significance. Figure 2 shows a
collection of images of individual oat plots and respective ratings.

Figure 2. Images of different oat plots at CRS and respective disease severity ratings.
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On the days when visual ratings were recorded, a DJI Phantom 4 UAV equipped with a
Parrot Sequoia Plus camera was used to take multispectral imagery of the plots. The spectral
band widths collected were green (530–570 nm), red (640–680 nm), red edge (730–740 nm),
and near infrared (NIR) (770–810 nm).
The image collection process was not identical between the two locations. At CRS, light
calibration panels were used to regulate light intensity. The light calibration panels are used to
calibrate the multispectral cameras to collect results under similar conditions even if there is
variation in light intensity during the flight. A flight plan was created to fly at an elevation of
200 feet and 70% overlap, meaning that each image had 70% of the information repeated
during the flight plan. 70% of the previous image is collected in the preceding image. Once
imagery was collected, Pix4D mapper was used to stitch the images together to create one
image of the entire field. Stitching images or technically Mosaicking is the process of creating a
single image from multiple images that include the same georeferenced points. Once the
images are stitched, the NDVI formula was imported into Quantum Geographic Information
System (QGIS) , and the pixels of the image were expressed based on their NDVI value.
Polygons were drawn around the plots of interest, and the average NDVI values within each
plot were calculated from the raster NDVI file.
Flights at DLREC were conducted without a flight plan or light calibration panels. A
single multispectral image was captured at an elevation of 400 feet when there was no cloud
coverage, and the sun was at its highest point in the sky to avoid shadowing or lack of light
intensity. Agisoft Photoscan Pro was used to analyze the images from DLREC. Since a single
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image was captured, no stitching was required. The same process was used to determine the
average NDVI value of each individual plot.

Figure 3. A single NIR image of the experimental oat plots used for this study at DLREC.

Figure 4. A single RGB image of the experimental oat plots used for this study at DLREC.
Once plots at CRS were harvested using a Wintersteiger Classic plot combine, the oat
grain was cleaned using a Wintersteiger paddle thrasher, weighed using a platform balance,
and converted to kilograms per hectare. R was used for statistical analysis to run one-way
ANOVA testing for treatments effects between fungicide rate and severity, and fungicide rate
and yield. A linear regression model was used to show test the correlation between disease
severity at a given date and yield. A quadratic regression model was also produced using R that
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shows the relationship between disease severity and NDVI value. The alpha level used for the
ANOVA testing to determine statistical significance for this study was 0.05.
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RESULTS
Comparing Disease Severities of Varying Fungicide Rates over Time
Figures 5-8 show disease progress curves grouped by trial and fungicide treatment regime.
The lines represent the average disease severity of all plots that received the same treatment
within a trial.

Figure 5. Disease progress curves showing the development of oat crown rust for each
treatment regime throughout the 2020 growing season for CRS test 1.

Figure 6. Disease progress curves showing the development of oat crown rust for each
treatment regime throughout the 2020 growing season for CRS test 2.
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Figure 7. Disease progress curves showing the development of oat crown rust for each
treatment regime throughout the 2020 growing season for CRS test 3.

Figure 8. Disease progress curves showing the development of oat crown rust for each
treatment regime throughout the 2020 growing season for DLREC test 4.
A one-way ANOVA test was conducted to determine if the effect of Prosaro fungicide
rates on disease severity at all locations. Based on the results from the post-hoc Tukey test for
all trials, the disease severity of plots treated with two applications of Prosaro at 584.6 mL/ha
had less disease severity compared to all other plots on the last day ratings were taken.
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The AUDPC curves show the treatment regimens worked as expected for each trial; with
higher rates of Prosaro resulting in less disease severity throughout the season. In all four trials
the AUDPC of the non-sprayed control plots was the largest and the AUDPC of the plots treated
with two applications of Prosaro at a rate of 584.6 mL/ha was the smallest. Furthermore, the
AUDPC of plots treated with Prosaro at a rate of 146.2 mL/ha was the second largest and the
AUDPC of plots treated with one application of 584.6 mL/ha was the second smallest. Finally,
the plots treated with one application of 292.3 mL/ha of Prosaro had an AUDPC larger than that
of the plots treated with one application of 584.6 mL/ha and smaller than the plots treated with
146.2 mL/ha.
The disease progress curves from CRS test 2 showed little progression of disease earlyon likely due to multiple factors. This field was located along a drainage ditch near the middle
of the field. Just after emergence, a few days of heavy rain caused flooding in this area of the
field. This flooding caused stunting of growth for plants in the area. Due to this stunting of
growth, the plants in CRS test 2 did not develop a canopy until later in the season. This reduced
the amount of moisture in the microclimate underneath the canopy, thus hindering disease
development.
Comparing Yields of Varying Fungicide Rates
To determine the loss of yield caused by crown rust, the average yield among all three
harvested tests grouped by perspective fungicide regimes were calculated and compared.
Yields in these studies were very low for all treatments due to a combination of waterlogging,
severe lodging and high crown rust infection, which masked any differences resulting from
fungicide treatment.. Although yields were low, there is still a significant difference in yield
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between all five different fungicide regimes with a P-value of 0.00112. Furthermore, there was
a significant increase in yield when comparing two applications of Prosaro fungicide to a single
application. Table 1 shows the average yield of each fungicide regime.
Fungicide Regime

Average Yield (bu/A)

Non-Sprayed Control

1.7 b

146.2 mL/ha (2 fl oz./A)

3.224 b

292.3 mL/ha (4 fl oz./A)

3.528 b

584.6 mL/ha (8 fl oz./A)

5.105 ab

584.6 mL/ha (8 fl oz./A) applied twice

9.249 a

Table 1. Average yield of plots grouped by fungicide treatment at CRS during the 2020 growing
season.
Determine if NDVI Ratings and Visual Severity (Disease) Ratings are Correlated
The second objective was to quantify the levels of disease in a field using multispectral
cameras attached to UAVs. The expected results of this objective are a statistically significant
negative correlation between disease severity ratings and NDVI values. When analyzing the
data for this objective, it was evident the trials conducted at CRS did not provide usable results
This could be the result of time of sensing and severity of symptoms above the canopy less
evident. Fortunately, the process used at DLREC was more simplified and results were
statistically significant, showing that this methodology can be practical.
A quadratic regression model is shown in figure 9 where the negative correlation
between disease severity ratings and NDVI values can be visualized. The negative relationship
between NDVI and disease severity was statistically significant for the trial conducted at DLREC,
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with a P-value of 2.2e-16 ( < 0.05). Since higher NDVI values are representative of healthier
plant tissue, those values correspond with low disease severity ratings. The lower NDVI values
correspond with higher disease severity ratings, thus the negative relationship.

NDVI red
120

Disease Severity (%)

100
80
60
y = -448.68x2 + 135.82x + 88.311
R² = 0.8868

40
20
0

-0.1

0
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0.3

0.4
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0.6

0.7

-20

Value

Figure 9. A quadratic regression model showing the negative correlation between disease
severity ratings and NDVI values at DLREC.
The equation of the quadratic regression line produced is:
𝑦 = −448.68𝑥 2 + 135.82x + 88.311
R2 = 0.8868
The regression graph shows that the relationship between NDVI value and crown rust percent
is informative between rust ratings up to about 60%. At ratings higher than 60% crown rust,
the NDVI values were not very informative as shown by the flattened curve.
A hypothesis test was performed to determine if the disease severity of each plot can be
predicted using the NDVI values. All computations were done using R software. The hypothesis
test for this hypothesis testing was:
H0: The disease severity of the oat plots cannot be predicted using corresponding NDVI values
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H0: 1 = 0
HA: The disease severity of the oat plots can be predicted using corresponding NDVI values
HA: 1  0
An F-test was run on this dataset and a corresponding P-Value was generated as seen in
Table 2.
0
Df

Sum Sq

Mean Sq

F-value

Pr(>F)

NDVI
1
124369
124369
325.76
< 2.2e-16***
Residuals
118 45050
382
Table 2. Results from an F-test conducted on the dataset between severity and NDVI.
Since the p-value is below the alpha level of 0.05, we can reject the null hypothesis.
Thereby, this dataset provides enough evidence to show that severity ratings can be
determined using NDVI values.
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DISCUSSION
Comparing Disease Severities of Varying Fungicide Rates over Time
The difference in rate of fungicide from one treatment regime to the next was not large
enough to provide a statistically significant difference in disease severity. Crown rust severity
was high in these trials and increased rapidly with all treatments. However, when comparing
disease severities of the two extremes, the plots treated twice with 582.4 mL/ha had
significantly lower disease severity at the end of the season. When comparing disease severity
from any of the treatment regimens that were applied once with the non-sprayed control,
there was no statistical difference. This suggests that multiple applications of Prosaro
throughout the season was necessary to significantly suppress extreme crown rust epidemics in
oats compared to the non-sprayed control. These results coincide with the findings of Hagan et
al. (2012) which indicated that two applications of fungicide significantly decrease crown rust
severity in oats compared to one application.
In all four trials, the lines representing plots sprayed with 542.8 mL/ha twice during the
growing season have an obvious point at which the average disease severity remains relatively
the same or decreases. This provides evidence that multiple applications can delay the
development of the disease more effectively than a single treatments. A single treatment at
different rates resulted in more or less disease depending on the rate applied, but the average
disease severities were very similar on the last date ratings were recorded. This provides
evidence that one application at flag leaf emergence is not adequate to control crown rust in a
highly susceptible cultivar with high disease pressure. The insignificant correlation between
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disease severity and yield is likely due to other factors affecting yield such as lodging, stunting
from flooding, harvest errors, or other pests.
Comparing Yields of Varying Fungicide Rates
A higher rate of Prosaro resulted in significantly higher yields. This result matches the results
found by Yabwalo et al. (2016) that shows a significant increase in yield when using Prosaro to
manage crown rust. It was also shown in this experiment that two applications significantly
increased yield compared to one application. Both of these results agree with the findings of
Hagan et al., (2012). In this report, multiple different fungicide regimes were employed, and
disease severity and yield were recorded. For all trials, the non-sprayed plots had the highest
disease severity ratings and the lowest yields.
Determine if NDVI Ratings and Visual Severity (Disease) Ratings are Correlated
Based on the results from the quadratic regression model and all the tests that were
conducted to determine its viability, NDVI values in this dataset can be used to predict severity,
alongside human ratings, up to a relatively high level of infection. Importantly, all P-values for
the F statistic were below the alpha level of 0.05, suggesting that we reject the null hypothesis.
Furthermore, the 95% confidence interval of the coefficients fits the model, suggesting the
severity can be predicted by NDVI.
Based on results from DLREC, there was a negative relationship between disease
severity and NDVI at infection levels of 0% to 80%. Each point on Figure 9 represents a plot in
the field and was given a disease severity rating and NDVI value. It is evident that plots with
high levels of disease severity have low NDVI values. For example, all plots with an NDVI value
below 0.2, have a disease severity rating of 90% or above. On the other end of the spectrum,
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all plots with an NDVI value above 0.6, have a disease severity rating of 40% or below. The
cluster of points below 20% disease severity and below 0.6 NDVI value could be explained by
these images and ratings being taken earlier in the season. Earlier in the season, there was less
disease in the field, but the plots had not yet developed a full canopy, allowing for the soil
surface to be visible. If any of the soil surface is visible in the plot, the NIR values will decrease
because soil absorbs NIR and reflects red light. This will result in a lower NDVI value, even with
no disease symptoms present.
The results found in this study were similar to those found by Nebiker et al. (2016).
Since the researchers of that study were using hyperspectral field spectrometers as the
reference to compare NDVI values, the correlation coefficient of 0.99 was higher than the
correlation coefficient of this study which was 0.89. This is likely because a field spectrometer
is a nonbiased passive sensor that is more accurate than human visual ratings. When applying
human visual ratings, there may be some skewness or rounding to whole numbers whereas the
spectrometer produces continuous random variables.
Results from this test also agree with the work of Price et al. 2016 that states
Cercospora leaf blight can be quantified comparable to visual ratings using passive remote
sensors to collect green reflectance data. The 2020 article by Xhou et al. indicates that multiple
vegetative indices are used in attempt to predict yield comparable to actual yield, yet none of
the correlation coefficients suggest that you can significantly predict yield comparable to actual
yield.
There are multiple reasons as to why results from CRS were not significant. Throughout
the season, disease severity was much worse at DLREC compared to CRS. The lowest NDVI
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value from CRS was 0.638298037, which is larger than the highest NDVI value taken at DLREC,
which was 0.624527682. Furthermore, the dates the drone was flown to capture imagery at
CRS were earlier in the season with less disease severity. There were no disease severity
ratings above 70% at CRS when imagery was taken, compared to the 55 ratings above 70% from
plots at DLREC. Disease onset was earlier in the season at DLREC compared to CRS; with 100%
severity occurring in non-sprayed plots on 3/16/20 at DLREC, while 100% severity did not occur
on control plots until 4/14/20 at CRS. There was a malfunction that occurred with the drone at
CRS and imagery was not collected after 3/11/20 for BHO 2002 or after 3/16/20 for BHO 2003.
This lack of significant disease severity may be one of the reasons the results from CRS were not
statistically significant. It is important, when conducting precision agriculture experiments, to
have variance of disease among different plots in the field.
Although further analysis should be conducted to test this hypothesis, results from this
study indicate that multispectral cameras mounted on UAVs can be used to collect NDVI values
that can be used to quantify disease in a field. This information supports future studies looking
at the use of UAV technology to quantify disease.
Future researchers should focus on creating an economic threshold for crown rust in
oats using NDVI. Creating an economic threshold for disease is something that has not yet
been done due to the inability to quantify disease, but NDVI could be the tool we need to
accomplish this goal. Another interesting research experiment that should be conducted in the
future regarding this topic is the comparison of NDVI and NDRE, which uses the red edge
spectrum in place of the red spectrum. It would be interesting to see if one of these indices can
quantify disease more accurately than the other. The very high disease severity and low yields
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in the present studies do not give a good indication of whether or not NDVI taring can be used
to prescribe fungicide control measures that provide an economic return.
Overall, NDVI is a useful index that can be used to quantify vegetation in the field and
using UAVs paired with multispectral cameras provides a more inexpensive and more accurate
tool than satellites. The future of precision agriculture relies on innovative technologies such
as this and tools like this should continue to be integrated into the agriculture sector.
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